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Abstract:  
 
Cities and landscapes are now understood as systems that are open, chaotic, unpredictable, irreversible, 
and in constant flux - i.e. complex adaptive systems. This is why designers need to develop new modes 
of practice that can cope with open systems design. 
 
The term ‘model’, on the other hand, is now central to our thinking about the way we understand and 
design cities and landscapes. They are mediators between reality and theory and have a central role in 
bridging the gap between these two domains. 
 
This paper describes a new type of morphological modelling known as Agent Based Modelling (ABM) 
and investigates its applicability in landscape architectural design and planning. 
 
ABM assemble a wide range of theories and tools and offer an interesting view of urban and natural 
phenomena as a collective dynamics of interacting objects. They explore the connection between micro-
level behaviour of individuals and the macro-level patterns that emerge from the interactions of many 
individuals. 
 
This paper examines, through a set of examples, the advantages, the drawbacks and the limitations of this 
type of modelling, with respect to their applications in landscape architecture. Finally, there will be some 
speculations about the future of these techniques in landscape design and planning. 
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1. Maps, Models, and Complexity Science. 
 
Even though mapping has become a central activity in landscape architecture, design and planning, it 
doesn’t sufficiently capture and describe bottom-up relationships. Maps, via data capturing and 
formatting protocols, make abstract and partial snapshots of reality, and importantly are devoid of 
feedback mechanisms that could assert the felicity of the maps or the formatting and capturing 
protocols.  
 
Analysis, representation, and exploration of bottom-up relationships, on the other hand, are of core 
interest to designers and planners. This interest can be directly traced to the adoption of viewpoints 
derived from complexity theory across design disciplines. For example, New Science=New 
Architecture? a special issue of AD edited by Charles Jencks, was one of the many journals of the 
1990s devoted to the emergence of complexity theory in architecture, urban design and landscape 
architecture. It should be also noted that there is no single definition of complexity, although as 
Michael Batty [1] asserts, “…it is generally agreed that complex systems consist of “many basic but 
interacting units” (Coveney and Highfield 1995, p. 7) and are “systems in process that constantly 
evolve and unfold over time” (Arthur 1999, p. 107)”. 
One of the important characteristics of complex systems is their ability to “unfold” in unpredictable 
ways over time, i.e. they have emergent properties. Emergent properties of a system can be explained 
as its capacity to form unexpected and complex spatial configurations simply by following set of local 
rules. There also is certain asymmetry between how complicated the rules are and the level of 
complexity of the emergent patterns. This asymmetry is clearly summarized by Goldenfeld and 
Kadanoff [2]“Nature can produce complex structures even in simple situations, and can obey simple 
laws even in complex situations”. The emergent properties of complex systems lead to self-
organization “in which global patterns emerge from the action of local processes” [1]. Complex 
systems are inherently dynamic or they are always in away-from equilibrium states, “…manifesting 
disequilibrium in its various forms ranging from periodic to catastrophic and chaotic change…” [1]. 
All these viewpoints render mapping inadequate to “explain” complex systems. In order to make more 
profound use complex systems in landscape architectural design and planning, tools and techniques 
are needed that can handle bottom-up relationships.  
 
The term model is also frequently used in design in planning in a wide range of ways from ideal 
strategies to models of actual decision and design, which depict far from ideal processes. The focus of 
this paper is on models as simplifications and abstractions of reality. Models can be defined as 
“mediators between reality and theory, between the past and the future and have a central role in how 
we bridge the gap between these two domains”[3]. Models have inputs, outputs, as well as, set of 
“assumptions which are external to the model, hence theory” [3] that transform the models inputs into 
outputs.  
 
2. Agent Based Modelling. 
 
In recent years new generation of models, based on a novel concept known as spatially-related 
automata [4], have come to the fore and offer interesting view of urban and landscape phenomena 
based on collective dynamics of integrated objects. This generation of models is known as Agent 
Based Modelling (ABM). ABM has origins in Object-Oriented Programming, Distributed Artificial 
Intelligence, and Geographic Information Science and is paradigmatically supported by contemporary 
Complexity Theory.  
 
Agent Based Models consist of agents that “operate within environments to which they are uniquely 
adapted” [1]. Agents are the elementary units, spatially nonmodifiable digital entities that interact with 
each other and with their environments according to their strategies. The agents’ strategies are driven 
by transition rules. Any number of rules can be devised to govern the activities of agents, such as the 
goals that agents seek to satisfy (e.g., minimizing travel distance using some form of traveling 
salesman algorithm), or the ‘preferences’ that agents might have (e.g., ‘likes’ and ‘dislikes’ for certain 
spaces). Agents also have set of attributes, or states that describe their characteristics. States can be 
formulated to represent the attributes of real urban or landscape entities. True mobility and dynamism 
are inherent characteristics in this type of models. Agents can be designed to simulate the behaviour of 
virtually any type of architectural or landscape objects i.e. trees, vehicles, people, households, etc. In 
an urban and landscape context, any number of artificial environments might be designed for agents to 
inhabit, from buildings to open spaces and cities. ABM offers the possibility of constructing dynamic 
simulations at different time-scales. Time is discrete and proceeds in iterative steps, ‘jumping’ from 
one point to the next: t; t+1; t+2; t+3; ...; t+n. The goals of ABM are not predictability but scenario-
based outcomes. The models generally answer “what if” questions and are capable of producing 
numerous possible outcomes depending on the abilities of the simulated system to resist and adapt to 
disturbances in the simulated environment.  
 
3. Agent Based Models for simulating urban and landscape systems. 
 
Agent Based Models have been extensively applied to cities, for example, simulations of traffic and 
pedestrian systems, crowd dynamics, land use / land cover change, urban population dynamics, 
residential location dynamics, urban growth to name just a few. There is no time to elaborate on the 
variety of scales, conceptual frameworks, and levels of abstraction used in urban models in this paper.  
 
It is probably worth mentioning two examples with real-world applications in urban planning and 
assessment. The first one is developed by Berger[5] for evaluating policy options in agricultural land-
use in Chile. In this model, independent agents choose among presented options of production, 
consumption, investment, and marketing. Water is the main restrictive factor in the model, and the 
combination of economic and hydrologic processes facilitates feedback loops in the use of water for 
irrigation.  
 
The other example is Urbansim [6] a modular system that focuses on assessment of long-term results 
of alternate plans for urban growth in terms of land use, transportation and environmental impacts. 
Briefly said, Urbansim is a large software system consisting of number of models that represent 
different urban agencies and processes. The interested reader should consult www.urbansim.org for 
more information.   
 
The consequent examples utilize Agent-based Models as a generative tool in a more speculative ways 
and will be explained in detail. The author of the third model is Alasdair Turner from the Bartlett 
School of Graduate Studies. He explores several algorithms or optimization strategies to generate an 
ecomorphic environment around the notion of ‘theatre’[7]. The term “ecomorphic design” was coined 
by Turner himself and could be explained as a design method that investigates the structural coupling 
between being, including collective social being, and its environment.  
 
In this set of experiments, the process to be engaged in is a performance or a theatre play. The 
simulations are initially set up as a 20x20 grid of boxes, with a 5x5 stage and 375 seats. Every member 
of the audience has to be able to view the stage, as well as, to have an accessible seat. Accessible seats 
are defined as seats adjacent to other accessible seats with the same height, one level higher or one 
level lower of the accessible seat. Tracing the path from the viewer to the stage assesses the visibility. 
The generative process is the bottom-up growth of an environment that supports these activities.  
 
The first experiment was using an individualistic algorithm i.e. each audience member finds a seat, 
raises it if she or he personally benefits from the change (Fig.1). However, as the system grows, 
audience members near the front block others from viewing, and as the system evolves, the seats are 
raised up so that other locations within the system are no longer accessible (Fig. 2). As Turner [7] 
points out: 
 
“There are just 52 audience members remaining, from the 375 that started, although each has a 
completely unobscured view of the actor. In order to overcome this problem, we moved to a second 
form of algorithm, where columns are raised, but only if the overall fitness of the system is increased 
by doing so”.  
  
Figures 1 and 2 Individualistic growth. Agents in front block others from viewing (Fig 2). 
Source: Turner, A. (2006) An Ecomorphic Theatre as a Case Study for Embodied Design. in GA2006 9th 
International Conference.. Milan, Italy. 
 
The result of the second experiment was that all 375 audience members could view the stage (Fig. 3). 
Based on the first two algorithms, Turner [7]makes the following conclusion. 
“This system however lacks interest, and can only ever reach an optimum based on 375 audience 
members.  In order to increase the viewing audience, we allowed any accessible space to grow not 
only upwards but outwards (in any direction). The growth starts as before, but after a while the higher 
cells start to grow towards the stage, allowing more audience members to view the stage”. 
 
  
Figure 3 Evolution of collective growth – all 375 members of the audience can view the stage. 
Source: Turner, A. (2006) An Ecomorphic Theatre as a Case Study for Embodied Design. in GA2006 9th 
International Conference.. Milan, Italy. 
 
This experiment showed many unexpected results After 30, 000 iterations 759 audience members 
could view the play obscured only by one other audience member (Fig. 4). 
  
Figure 4 759 members can view the stage after 30000 itterations. 
Source: Turner, A. (2006) An Ecomorphic Theatre as a Case Study for Embodied Design. in GA2006 9th 
International Conference.. Milan, Italy. 
 
The final two experiments were conducted using evolutionary algorithms. These followed 
standard genetic algorithm operators for mutation, crossover and selection (Fig. 5). Despite 
the unusual and interesting spatial configurations and seemingly many seats, the system 
performed at best “around 500 places, with each audience member on average obscured by 
approximately 2 others” [7]. 
  
Figure 5 Evolution of the system using genetic algorithms. 
Source: Turner, A. (2006) An Ecomorphic Theatre as a Case Study for Embodied Design. in GA2006 9th 
International Conference.. Milan, Italy. 
  
My example is a bottom-up tropical forest dynamics (Fig. 6). This simulation is part of an academic 
research project. The research was set out to test the feasibility of a disturbance ecology model for 
settlement re-building on Pacific islands after cyclonic events. The concept is that after cyclonic 
disturbance, plant recovery occurs according to environmental rules and conditions.  
 
Figure 6 Tropical Forest Dynamics – Model Interface. 
 
The focus of this simulation is twofold -to investigate the interdependence between specific 
reproductive strategies of plants and specified land suitability conditions, as well as, to study the 
possible impetus for regeneration of the forest after programmed cyclone event. 
The model comprises four subsystems: 
• Trees that reproduce by mobile and immobile (or fixed) methods. 
• Reproductive agents – seeds and birds. 
• Environment comprising two elements – terrain and suitability. 
• A destruction gradient, consisting of cyclonic force winds, flooding and tidal waves. 
 
A set of operations or feedback loops bonding both the elements of each system and the elements from 
different systems together was devised (Figs. 7, 8 and 9). 
 
Figure 7 Tropical Forest Dynamics - One tree wind dispersal colonization. 
 
Figure 8 Tropical Forest Dynamics – One tree bird dispersal colonization. 
 
Figure 9 Tropical Forest Model – Two trees (bird and wind) dispersal colonization. 
 
Even though it is a simplification, this model proves that ABM are suitable to simulate forest system 
dynamics with plausible results i.e. they are capable of generating, similar bottom-up trends and 
patterns to those observed in real-world landscape systems. This model takes on board the notion of 
ecosystems as complex adaptive systems; bottom-up, self organizing, and ever-emergent due to 
disturbance. The model operates in a nonlinear colonization – succession - disturbance sequence. The 
simulation clearly visualizes this sequence. Moreover, the simulation generated interesting findings. 
For example, the simulation revealed that after a cyclone disturbance, the emergent colonization 
patterns are more dependent on the tree’s reproductive strategies rather than on the soil suitability 
(Fig. 10). After experimenting with the model numerous times, it also became obvious how the initial 
patterns of occupation become less and less explicit and the forest appears as a random matrix of trees 
i.e. in the second phase – succession emerges. If no disturbance is introduced into the system it 
reaches higher degrees of complexity and it looks completely random and static - only the ‘tree 
counter’ shows that there is still some activity. If a cyclonic disturbance is played out, a different 
picture emerges. Initially, a random matrix appears which consists of vegetation patches and some 
surviving stand-alone trees. After several tests and careful observation, however, the matrix does not 
appear to be random any more. There is a clear connection between the forest in its succession phase, 
the power of the disturbance and the patches of vegetation that survived. This connection, however, 
makes more intuitive and visual sense. The observations and findings clearly showed the usefulness of 
the model. Another important point was that the rules and the model were devised by the research 
team without any help from mathematicians or computer programmers. This demonstrates the wide 
accessibility of ABM. 
 
Figure 10 Disturbance simulation sequence. 
 
4. Conclusion and further research. 
 
The objective of this paper was to illustrate the ability of Agent-Based Modelling to describe and 
analyze landscape systems dynamics from complexity science viewpoint. The examples and 
theoretical stances included in this paper allowed me to conclude that these types of simulations have 
an important future in the landscape architectural design process. They make it possible, on one hand, 
to test design theories and assumptions in simulation and to investigate numerous future forms of the 
system of interest under a wide variety of inputs.  
Models also exemplify how a system functions; this is why they are not designs in themselves – they 
are diagrammatic in nature. Even though ABM can be used to explain urban and landscape dynamics 
and morphologies they are far from the real world. They necessarily contain reduction, simplification 
and idealization of real world entities. They also tend to be much more sensitive to simulated changes 
and disturbances while real systems seem to be more robust. Another drawback of Agent Based 
Models is that they operate entirely bottom-up but lack in efficiency when there is a need to simulate 
top-down processes. This modelling technique predominantly exists in academia and is still in its 
infancy. There are also various technological and scientific limitations.The issues that necessarily arise 
from this research, such as how long a simulation should run, how to make a simulation into a 
landscape design or how to evaluate different future scenarios are left unexplored and require further 
research.  
 
This paper focused on applications of complexity modelling techniques in landscape architecture. 
Central to complexity paradigm are notions about bottom-up aggregations, away-from-equilibrium 
states, and unpredictability of systems. If we are to understand cities and landscapes as complex 
adaptive systems and to shift our interests from objects to processes, forces, flows and networks 
inherent in the landscape, we need to move away from top- down design strategies such as mapping. If 
we formulate planning and design as controllers in terms of keeping the real cities and landscapes 
within certain targets, then the notion of entirely top-down planning and design methods becomes 
simply impossible. It is clear that any system of control should operate bottom-up. 
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